Accurate assessments of sedentary behavior are critically important to monitor the proportion of prolonged sedentary behavior, to investigate causal relationships with health outcomes, and to test the effectiveness of interventions aimed at reducing sedentary behaviors. The purpose of this review was to provide an overview of assessments of sedentary behavior using wearable devices, and to briefly discuss the future directions of this field. Sedentary behavior is defined as any waking activity characterized by energy expenditure ≤ 1.5 metabolic equivalents and a sitting or reclining posture. Globally accepted wearable devices to assess sedentary behavior are ActiGraph (developed in the United States of America) and activPAL (developed in Scotland). The ActiGraph, worn at the waist, classifies sedentary behavior based on its unique metric of 'counts' less than 100 per minute. The activPAL is attached to a participant's thigh, and classifies sedentary behavior using an inclinometer with a proprietary algorithm. In Japan, Omron's Active style Pro is the most widely used device to measure sedentary behavior. A systematic review on sedentary behavior measurements in Japan found that almost all studies adopted this device. A data reduction approach is a key process to obtain consistent summary statistics of sedentary behavior. To accomplish this, seven R packages have been developed, mainly for ActiGraph and activPAL. Unfortunately, none of these can integrate data from Japanese devices; although a macro program for processing data from Active style Pro has been developed. Use of activity recognition techniques and multi-sensor devices may reduce measurement errors, and provide contextual information on sedentary behavior. Other challenges include standardization and harmonization of measurement protocols. Tackling these challenges may facilitate international comparisons in sedentary behavior and eventually study integrations.
Introduction
Sedentary behavior or sitting too much, is currently recognized as an emerging risk factor for various health outcomes 1) , including all-cause mortality, cardiovascular disease, type 2 diabetes, and even some types of cancer. Data from the US National Health and Nutrition Survey showed that a large portion of the waking hours of an individual is being spent in sedentary behavior, mainly sitting 2) . An international comparative study among 20 nations showed that Japan is ranked at the top as the most sedentary country 3) . Therefore, reducing sedentary behavior is one of the public health priorities in Japan, and worldwide.
Some countries, such as the United Kingdom and Australia, issued sedentary behavior guidelines to reduce the burden of non-communicable diseases. The United King-dom's physical activity guideline for adults recommends that 'all adults (aged 19 to 64 years) should minimize the amount of time spent being sedentary (sitting) for extended periods' 4) . Australia's Physical Activity and Sedentary Behaviour Guidelines for adults (18 to 64 years) state that one should 'minimize the amount of time spent in prolonged sitting' and 'break up long periods of sitting as often as possible' 5) . Both recommendations seemed broad and qualitative, not quantitative, which suggests the lack of causality or dose-response evidence on the associations of sedentary behavior with health. Indeed, the most recent physical activity guideline in Japan deferred the adoption of recommendations on sedentary behavior, due to limited evidence on the associations of quantitativelymeasured sedentary behavior with health outcomes 6) .
There are currently two well-known definitions of sedentary behavior. Pate et al. defined sedentary behavior as 'activities that involve energy expenditure at the level of 1.0 to 1.5 metabolic equivalent units (METs)' 7) . Correspondence: hiroyuki.sasai@gmail.com
In contrast, the Sedentary Behaviour Research Network (SBRN), an organization of health professionals and researchers, proposed that sedentary behavior refers to 'any waking activity characterized by an energy expenditure ≤ 1.5 METs and a sitting or reclining posture' 8) . The difference between the two proposed definitions depends on whether it considers posture allocation or not. The former definition only classifies sedentary behavior by activity intensity, whereas the latter definition takes postural allocation, as well as activity intensity, into account ( Fig.  1) . Given the daily lives of adults in general, the majority of waking behaviors of ≤ 1.5 METs are sitting or lying. However, standing still, which is highly prevalent in our daily lives, expends < 1.5 METs 9) . The former definition classifies standing still as sedentary behavior, whereas the latter defines it as light-intensity activity. By overlooking the recent trends in sedentary behavior research, the latter definition "any waking activity characterized by an energy expenditure ≤ 1.5 metabolic equivalents and a sitting or reclining posture" is becoming mainstream 10) . Therefore, I have adopted the latter definition in this review article and discussed the measurements of sedentary behaviors and its future prospects.
Accurate measurements of sedentary behavior are important to: (1) describe and monitor the prevalence and its time-course trend of prolonged sedentary behavior in a large-scale survey or surveillance system; (2) investigate causal or dose-response associations of sedentary behavior with various health outcomes; (3) ascertain correlates of sedentary behavior, which can be used to suggest ap-propriate intervention strategies; and (4) test effectiveness of interventions aimed at reducing sedentary behaviors. In this review article, an overview of sedentary behavior assessments using wearable devices is provided, and future directions in this research field are discussed. This article mainly covers studies among healthy adults aged 20 years or older and excludes children and special or patient populations.
Wearable devices for the assessment of sedentary behavior
Wearable devices give the notable advantages of reducing measurement errors and providing information on patterns of sedentary behaviors (e.g. the number and duration of sedentary episodes, and sedentary breaks) over self-reported instruments. In contrast, a major disadvantage of wearable devices is the lack of contextual information on how and where the behavior happened. The other disadvantages include cost, participant burden, and computational burden to process large amounts of data into summary statistics. Based on the above definition of "sedentary", we need to assess activity intensity, posture allocation, and sleep/waking status simultaneously with sufficient accuracy. However, there is no wearable device that meets those three criteria 11) . Table 1 lists specifications of three commonly used research-grade wearable devices designed to assess sedentary behaviors. ActiGraph, which is worn on the waist, is regarded as the standard accelerometer worldwide, and it can mainly measure sedentary behaviors from several Defined by intensity and posture days to weeks. In the standard method, behavior is said to be sedentary when the counts per minute value, Acti-Graph's proprietary metric, measured on the vertical axis, is 100 or less 2) . This corresponds to 1.5 METs. However, whether the 100 counts per minute threshold can be applicable irrespective of sex, age, body shape, and occupation, remains unknown. Therefore, various sedentary cut-points have been proposed 12) . The newer versions of ActiGraph (GT3X or newer) house an inclinometer function to recognize information on posture allocation as well 13) .
ActivPAL (PAL Technologies, Glasgow, Scotland) attached to the front of the thigh, is capable of discriminating between sitting/lying position and standing, by using its proprietary algorithm. One of validation studies reported that activPAL had a correct discrimination rate of 95.9% between sitting/lying position and standing 14) . Currently, activPAL is considered as a semi-gold standard method for assessing sedentary behavior under free-living conditions, and is often used as a reference standard when validating subjective instruments such as questionnaires 15) . Since the device is attached directly with waterproof medical tape to the participant's skin, some adverse events such as itching, redness, and discomfort have been reported 16, 17) . Thus, the measurement period is limited to approximately a week. The monitor distinguishes between sitting/lying and the upright position, by detecting the inclination of the thigh. However, a limitation of the ac-tivPAL is that it does not distinguish between sitting and lying down. Basset et al. tested in a laboratory whether placing a second activPAL monitor on the torso would allow the detection of seated versus lying postures 18) . Thus, the use of two activPAL devices enabled four behaviors (lying, sitting, standing, and stepping) to be accurately monitored, with a correct classification rate of 90.8% to 100%. Our research team applied this method to study the sedentary behaviors of 114 Japanese older adults under free-living conditions, and found that time spent in lying down, sitting still, standing, and stepping was 9.0 hours (37.5%), 7.8 hours (32.3%), 5.3 hours (22.1%), and 1.9 hours (8.1%), respectively 19) . We also found that older men spent a significantly greater time sitting (37.1% vs. 27.9%) and less time standing (18.6% vs. 25.7%), than older women.
Active style Pro HJA-350IT or HJA-750C (Omron Healthcare, Kyoto, Japan) is one of the most commonly used wearable devices in sedentary behavior measurement in Japan. This device estimates METs every 10 or 60 sec based on synthetic accelerations measured by a built-in tri-axial accelerometer 20, 21) . The validity of METs estimation was confirmed with the Douglas bag method 21) . One of Active style Pro's unique features is a function to accurately distinguish between locomotive and non-locomotive (mainly lifestyle) activities 20) . While the ActiGraph outputs a proprietary metric of "counts", Active style Pro computes estimated METs directly. This means that Active style Pro has a low degree of freedom for processing, but can create a better environment for study integrations without any confusion. One of the concerns regarding Active style Pro is the lack of wear time algorithm specific for this device; and whether the wear time algorithms developed for other devices, such as ActiGraph, can be applied remains unexplored.
A systematic review on sedentary behavior assessments in Japan
To understand the whole picture of sedentary behavior assessments in Japan, a systematic review on studies that objectively measured sedentary behavior under free-living conditions was conducted. The following inclusion criteria were set: (1) adults aged 20 years or older; (2) daily or weekly reports of sedentary behavior measurements taken using a wearable device; (3) studies METs: metabolic equivalents. (2) studies with special or patient populations; and (3) review or protocol articles. To gather research articles that met these criteria, the PubMed database was searched using the following terms: (acceleromet* OR "activity monitor" OR "motion sensor" OR inclinometer) AND (inactiv* OR sedentary OR "sitting") AND japan* on March 26, 2017. This search identified 70 candidate articles. After reviewing their titles and abstracts, a total of 63 articles were excluded because of the following reasons: not reporting sedentary behavior (n = 22), special or patient populations (n = 16), incorporating children as subjects (n = 9), studies not conducted in Japan (n = 5), individual calibration or validation studies of wearable devices (n = 4), non-human subjects (n = 3), non-English articles (n = 2), and review or protocol articles (n = 2). The characteristics of the seven articles [22] [23] [24] [25] [26] [27] [28] that met the inclusion criteria are summarized in Table 2 . Since this systematic review is based on a search done on a single database (the PubMed), caution should be observed in terms of comprehensiveness.
Of the seven articles reviewed in this study, 6 adopted the waist-worn Active style Pro tri-axial accelerometer [22] [23] [24] [25] [26] [27] . The remaining article reported on the thighworn activPAL to develop and test an occupational sitting questionnaire 28) . In the identified studies, participants were asked to wear the device for 7 to 10 days. All studies adopting Active style Pro tri-axial accelerometer collected data at 1-minute epoch, and set a minimum required wear time of 10 hours. It also required 3 to 4 days of valid measurements. As shown in Table 2 , wear time algorithms differed slightly among the studies; for example, Kim et al. defined non-wear time as non-recorded period of ≥ 1 minute 23) , whereas Honda et al. reported non-wear time as time periods of at least 60 consecutive minutes of non-recorded periods with allowance for up to two consecutive minutes of activities with intensity equal to 1.0 MET 24) . The latter algorithm seemed to be modified from the one adopted by the US National Health and Nutrition Survey 29) . As indicated by many investigators, nonwear time definition greatly affects summarized estimates of sedentary behavior 30) . Data collection and reduction procedures from different studies should be standardized and harmonized to enhance comparability and equitability between summarized estimates of sedentary behavior 31, 32) .
The reason why Active style Pro is being widely used in Japan is partly attributed to its relatively low cost and easy access to quality aftercare services. Globally accepted devices such as ActiGraph and activPAL remain far more expensive than Japanese devices. The cost of ActiGraph is about 40,000 JPY (equivalent to 360 USD) per unit, and activPAL costs about 50,000 JPY (equivalent to 450 USD). Furthermore, extra costs for their software need to be considered. In contrast, Active style Pro costs approximately 15,000 JPY (equivalent to 135 USD) per unit, and its managing software is free. Additionally, activPAL users may require extra efforts to repair the devices since no official activPAL distributor currently exists in Japan. Therefore, many people in Japan are likely to use Active style Pro instead of globally accepted non-Japanese wearable devices.
Data processing
When studying sedentary behavior using wearable monitors, investigators were required to make decisions on data collection and reduction processes. These included the number of days for data collection, epoch length, number of required valid days, required valid monitoring hours, definitions of wear time or non-wear time algorithms, as well as considerations for weekdays and weekends. These processes are known to largely affect sedentary outputs from the wearable devices. In particular, a non-wear time algorithm is considerably more important because sedentary behavior is likely to overlap with non-wear periods, and may often be misclassified as non-wear. To date, many wear time algorithms have been proposed and tested 33) . The two commonly used non-wear time algorithms are Troiano's and Choi's algorithms 29, 34) . The former algorithm was created by the US National Cancer Institute, and was adopted for analyzing accelerometer ActiGraph data from the US National Health and Nutrition Survey 2003-2006 protocols 29) . This algorithm defined non-wear time as 1 minute time intervals with consecutive zero counts for at least a 60-min time window, allowing up to 2 consecutive intervals with nonzero counts less than or equal to 100 counts; any event of counts above 100 is considered as wear time. Choi's algorithm, on the other hand, defined a non-wear period as 1 minute time intervals with consecutive zero counts for at least a 90 minute time window, allowing short time intervals with non-zero counts lasting up to 2 minutes if no counts are detected either during 30 minutes (window 2) upstream or downstream from a given interval; any nonzero counts, except the allowed short interval, are considered as wear time 34) . Tudor-Locke et al. systematically summarized these non-wear rules, as well as relatively minor algorithms 33) .
To efficiently process large amounts of data from wearable devices, command-type statistical software, such as SAS, R, and STATA, rather than graphical user interfacebased software, are highly recommended. Among the recommended software, the R statistical package has been extensively used by many investigators in this field. Recently, some researchers developed and reported on R packages with respect to a collection of functions exclusively used for physical activity and sedentary behavior research 34, 35) . To provide an overview, a comprehensive search on the Comprehensive R Archive Network website (https://cran.r-project.org) was conducted. This site shares the R software, packages, and related information JPFSM : Assessing sedentary behavior using wearable devices Table 2 . Summary of adult studies conducted in Japan that objectively measured sedentary behavior under free-living conditions. The search term: (acceleromet* OR "activity monitor" OR "motion sensor" OR inclinometer) AND (inactiv* OR sedentary OR "sitting") AND Japan*. METs: metabolic equivalents. van Hees VT. 35) A tool to process and analyse data collected with wearable raw acceleration sensors. The package has been developed and tested for binary data from -export data from Actigraph devices, and .wav-format data from Axivity. These devices are currently widely used in research on human daily physical activity.
Study
Axivity pawacc February 20, 2017 This is a collection of functions to process, format and store accelerometer data.
disadvantages are the heavy computational burden and the long time it may sometimes take to compute the results. Overviews of feature extractions and activity recognitions were given by Liu et al. 36) and Preece et al. 37) , respectively. The readers can refer to these articles for further information. Another strategy to capture contextual information is to integrate multiple physiological and/or environmental sensors into accelerometer-based devices. The physiological parameters include heart rate 38) , skin temperature 39) , and galvanic response 39) . The environmental information could be barometric pressure 40) , geographical information system 41) , and wearable camera 42) . Another challenge in this field is the comparability of sedentary outputs from different wearable devices 33) . Our research team compared the sedentary outputs from ActiGraph GT3X+ and Active style Pro among 13 older women, and found that Active style Pro reported 15% less sedentary time than ActiGraph did 43) . This study showed a clear need for equating sedentary outputs from different devices. This will facilitate international comparisons in sedentary behavior and eventually, in study integration.
Conclusions
In this review, an overview of assessments of sedentary behavior using wearable devices has been provided and future directions in this field have been briefly discussed. Commonly used wearable devices, such as ActiGraph, activPAL and Active style Pro to assess sedentary behavior, have distinct unique characteristics. In Japan, Omron's Active style Pro is the most widely used device to measure sedentary behavior. A systematic review on sedentary behavior measurements in Japan found that almost all studies adopted this device. Use of activity recognition techniques and multi-sensor devices may reduce measurement errors, and provide contextual information about sedentary behavior. Other challenges include standardization and harmonization of measurement protocols. Tackling these challenges may facilitate international comparisons in sedentary behavior and eventually study integrations.
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with users for free. Seven R packages capable of processing data from wearable devices and generating summary estimates of sedentary behaviors were identified from this site. The characteristics of the seven identified R packages are summarized in Table 3 . The very first R package named "PhysicalActivity" was published in 2011 by Choi et al, and provides the wear/non-wear algorithm that was mentioned earlier 34) . The other packages were released within the past 2 years, suggesting recent rapid developments and dissemination of the R packages to process data from wearable devices. Almost all packages are designed to process data from ActiGraph or activPAL. Unfortunately, none of the packages are designed to process data from Japanese wearable devices, such as Active style Pro. As discussed earlier, one of Active style Pro's unique features is a function to accurately distinguish between locomotive and non-locomotive (mainly lifestyle) activities. The currently available packages cannot process these unique data. Therefore, the packages or functions specifically designed to process data from Active style Pro or other Japanese devices should be developed, which would help in the accumulation of an evidence base for Japanese populations.
As part of a Japanese Society of Physical Fitness and Sports Medicine research project (Principal investigator: Yoshio Nakata Ph.D. at the University of Tsukuba), a research team comprised of several Japanese leading experts, developed a Microsoft Excel macro program to process data from Active style Pro. The macro program has the capability to summarize total sedentary time, the number and duration of sedentary bouts, as well as breaks in sedentary time. The program also has a function to generate summary measures within a given period (e.g. work hours, leisure time, and commuting) when external time-stamped data is available. Wide dissemination of this macro program would bring great benefits to Japanese researchers in this field. This program is expected to become open to the public in the near future.
Future directions
As mentioned previously, a major disadvantage of wearable devices is the inability to detect contextual information. In other words, wearable devices provide little information on how and where a given sedentary behavior occurred. To tackle this challenge, various activity recognition techniques (mainly machine learning methods) have been proposed for the past two decades. These include decision trees, random forest, artificial neural network, hidden Markov models, and support vector machine. The first step for activity recognition is to extract various time-domain and frequency-domain features from a given interval (e.g. 1 sec or 10 sec) of data from wearable devices. Then, the extracted features will be entered into various machine-learning techniques to distinguish activity types, including sedentary behaviors. The major
